Fruit attributes that affect wine quality are thought to be largely driven by the interaction of 2 7 grapevine's genetic characteristics with environmental factors (i.e. climate, soil and topography) and 2 8 vineyard management. All these variables, in conjunction with the wine making process, give a wine 2 9 its distinctive character. Understanding how grapevines perceive and adapt to a changing 3 0 environment will provide us with an insight into how to better manage crop quality. Mounting 3 1 evidence suggests that epigenetic mechanisms are a key interface between the environment and the 3 2 genotype that ultimately affect the plant's phenotype. Moreover, it is now widely accepted that 3 3 epigenetic mechanisms are a source of useful variability during crop varietal selection that could 3 4 affect crop performance. While the contribution of DNA methylation to plant performance has been 3 5 extensively studied in other major crops, very little work has been done in grapevine. Here we used 3 6 Methylation Sensitive Amplified Polymorphisms to obtain global patterns of DNA methylation, and 3 7
Introduction 5 0
The ability of plants to produce alternative phenotypes in response to changing environments is 5 1 known as phenotypic plasticity (Pigliucci, 2005) . Genotypes with this characteristic are able to 5 2 produce a variety of phenotypes including improved growth and reproduction (Lacaze et al., 2009) .
5
The contribution of DNA methylation to plant performance has been extensively studied in model 9 9 organisms and some annual crops (Rodríguez López and Wilkinson, 2015) . However, we are only 1 0 0 beginning to understand how long-living plants, such as grapevines, use epigenetic mechanisms to 1 0 1 adapt to changing environments (Fortes and Gallusci, 2017) . Effects of environmental conditions on 1 0 2 non-annual crops performance can be very difficult to evaluate since many environmental factors Gallusci, 2017). Although epigenetic mechanisms have been shown to act as a system that allows 1 0 5 information storage in organisms across all kingdoms (Levenson and Sweatt, 2005) , very few studies identification of commercial clones (Imazio et al., 2002; Schellenbaum et al., 2008 ; Ocaña et al., 1 1 0 2013). However, these studies did not investigate the molecular drivers of terroir. In this study, we hypothesize that DNA methylation can play a role in defining terroir. To test this wine zone (Australia) (Robinson and Sandercock, 2014) using MSAPs. Finally, we used methylation 1 1 5 sensitive Genotyping By Sequencing to characterize the genomic context of the observed regional 1 1 6 genetic and epigenetic variability. groups according to clones and the vineyard management systems (i.e. pruning system used in their 1 6 9 vineyard of origin) (Table S1 ). was estimated in all regions to determine and visualize the contribution to the observed molecular 1 7 4 variability within regions of non-methylated polymorphic loci (NML) and of methylation sensitive GenAlex v 6.5 software (Peakall and Smouse, 2006) was used for Principal Coordinate Analysis PCoA in order to visualise the molecular differentiation between Barossa sub-regions detected using 1 7 9 MSAP profiles generated after the restriction of gDNA with HpaII or MspI. We then used analysis of 1 8 0 molecular variance (AMOVA) to determine the structure of the observed variability using PCoA. analysis (PCA) was implemented on TASSEL 3 using the selected SNPs. To identify any possible 2 2 0 geographical genetic structure, the optimal number of genetic clusters present in the three regions 2 2 1
were computed using Bayesian Information Criterion (BIC) as effected by Discriminant Analysis of 2 2 2 Principal Components (DAPC) using adegenet 2.0.0 (http://adegenet.r-forge.r-project.org/). Identification of significant differentially methylated markers (DMMs) between regions was then 2 2 5 computed using the package msgbsR (https://github.com/BenjaminAdelaide/msgbsR), accessed on 2 2 6 26/08/2016). In brief, raw sequencing data was first demultiplexed using GBSX (Herten et al, 2015) 2 2 7 and filtered to remove any reads that did not match the barcode sequence used for library 2 2 8 construction. Following demultiplexing, paired-end reads were merged using bbmerge in bbtools 2 2 9 package (Bushnell, 2016). Merged reads were next aligned to the 12X grapevine reference genome 2 3 0 (http://plants.ensembl.org/Vitis_vinifera/). Alignment BAM files where then used to generate a read 2 3 1 count matrix with marker sequence tags, and used as source data to perform subsequent analyses 2 3 2 using msgbsR in the R environment (R Core Team, 2015) . Finally, the presence of differential 2 3 3 methylation between regions was inferred from the difference in the number of read counts from all sequenced MspI containing loci that had at least 1 count per million (CPM) reads and present in at To determine how the observed changes in DNA methylation between sub-regions were associated to 2 4 1 protein coding genes, the distribution of DMMs was assessed around such genomic features, as Genes within 5 Kb of a DMM were referred to as differentially methylated genes (DMGs). DMGs in 2 4 8 each pairwise regional comparison were grouped into those showing hypermethylation or 2 4 9 hypomethylation, and were next used separately for GO terms enrichment, using the R packages: (Carlson, 2016) and annotate (Gentlemen, 2016). Significant GO terms were selected based restricted with one of the isoschizomers). PCoA of the MSAP profiles generated from non-methylated polymorphic loci (NML) (genetic 2 6 3 variability) and by methylation sensitive polymorphic loci (MSL) (epigenetic variability) (Pérez-2 6 4 Figueroa, 2013) revealed a higher separation between vineyards when using epigenetic information 2 6 5 than when using genetic ( Figure S1 ). The capacity of both types of variability to differentiate PCoA analysis and Shannon's diversity index showed significantly higher epigenetic than genetic 2 6 8 diversity for all sub-regions ( Figure S2 , Table 1 ). Among sub-regions, Southern Grounds had the 2 6 9 highest epigenetic diversity (0.581 ± 0.124) and Western Ridge the lowest (0.536 ± 0.143). Genetic 2 7 0 diversity showed the highest value in the Southern Grounds (0.374 ± 0.143) and the lowest in the Northern Grounds (0.240 ± 0.030). We used analysis of the molecular variance (AMOVA) ( Table 2 ) to obtain an overview of the 2 7 5 molecular variability between all the studied sub-regions. Overall, MSAP profiles generated using 2 7 6 restriction enzyme MspI achieved better separation between sub-regions than those generated using HpaII. Of all 30 calculated molecular pairwise distances between sub-regions (PhiPTs), 25 were 2 7 8 significant (P<0.05) ( Grounds vs Southern Grounds calculated using MspI) and 0.012 (PhiPT of Central Grounds vs 2 8 0 Eastern Edge calculated using HpaII). AMOVA on MSAP profiles indicates that the majority of the observed variability is explained by 2 8 3 differences within vineyards (81% using profiles generated with MspI and 91% with HpaII). A 2 8 4 significant proportion of the total variability detected was associated to differences between 2 8 5 vineyards (17% with MspI and 8% with HpaII) and 2% and 1% was due to differences between sub-8 8 To determine if environmental differences between vineyards influenced the observed epigenetic observed molecular differences against environmental variables. Differences in vineyard altitude 3 0 0 showed a small but significant positive correlations (R 2 =0.1615, P=0.013) with PhiPT values 3 0 1 between vineyards ( Figure S3 ). We then investigated if clone and vineyard management systems Ridge) ( Figure 3A ) and of 6 vineyards planted with the same clone (1654) and trained using the same 3 0 6
Effect of vineyard location on methylome differentiation
pruning system (i.e. spur pruning) (vineyards 1 (Northern Grounds), 7 (Central Grounds), 9 (Eastern 3 0 7 Ridge), 15 (Southern Grounds) 16 and 19 (Western Ridge) ( Figure 4A) ). Again, PCoA shows that the on the N-S axis. Mantel test showed a positive correlation for both epigenetic/geographic distance comparisons ( Table 2) . Variability among vineyards and sub-regions was higher in MspI generated profiles (17 and 2%) than in HpaII profiles (8 and 1%), indicating that the detected regional 3 6 0 epigenetic differences are, at least partially, sequence context specific (Tricker et al., 2012; Meyer, 3 6 1 2015). Calculated PhiPT values showed low levels of molecular differentiation between sub-regions, 3 6 2 even when those differences were statistically significant (Table 2 ). This could be explained by the with age, which can be genetic or epigenetic in nature. PCA of genetic polymorphisms detected using 3 6 7 msGBS results showed a high level of genetic variability between plants ( Figure S4A 2016) as previously shown on clonally propagated Populus alba (Guarino et al., 2015) . It is, 3 7 5 therefore, not surprising to find that epigenetic profiling was a better predictor of sample origin than 3 7 6 genetic profiling alone both using MSAP data (Table 2, Figure S1 Figure S4 ). This suggests that although genetic differences between regions or vineyards can partly differences are the major driver of such differentiation. Samples collected from vineyards in the Southern Grounds presented the highest levels of both 18 backgrounds used in this study do not greatly affect the epigenetic differences observed between 4 0 6 regions (Table 1) . Conversely, differences in vineyard altitude appear to be a contributor to the 4 0 7 detected epigenetic differentiation between vineyards ( Figure S3 ). Previous work has shown that sun between sub-regions generated GO terms associated to plant response to light stimulus (Table S4B) . More importantly, the number of genes associated to such GO terms was higher in comparison was generated using only three data points, it is tempting to speculate that differences in light 4 2 1 incidence due to differences in altitude are triggering the observed changes in DNA methylation in 4 2 2 response to light stimulus genes. Especially when previous work has shown that, in grapevine leaves, To our knowledge the effect of pruning has not yet been studied at an epigenetic level. However PhiPT for Mantel test were based on presence/absence of 215 loci obtained from MSAP profiles 5 0 1 generated using MspI. Mantel test are based on presence/absence of 215 loci obtained from MSAP profiles generated 5 1 6
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using MspI. (PC-LDA) representing epigenetic differences between leaf samples collected from 9 5 2 5 plants/vineyard. Percentage of the variability capture by each differential factor (DF) is shown in 5 2 6 parenthesis. PC-LDA were based on read number of loci obtained from msGBS profiles. counts for a given msGBS markers between two regions. Median shows the direction of the and differentially methylated Gene Ontology Terms (DMGOs) between regional comparisons. Venn Central Grounds compared to Northern Grounds). Northern Grounds (C-D) using GO.db and annotate and summarized using REViGO. Bubble co 5 5 7 indicates the p-value for the false discovery rates (the first 10 terms are labelled with legends Baránek, M., Č echová, J., Raddová, J., Holleinová, V., Ondrušíková, E., and Pidra, M. (2015). Leeuwen, C. v, Friant, P., Choné, X., Tregoat, O., Koundouras, S., and Dubourdieu, D. (2004) . 
